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1 Lütkepohl (1984) , for example, develops a theoretical framework for assessing the efficiency of some regional forecasting models.
2 Another alternative explanation of the apparent dearth of regional analysis is the differences in the manner in which the aggregate and regional data are collected. Gross state product, for example, is collected annually and at a two-year lag making it virtually worthless for meaningful econometric analysis. While we do not address these issues directly, we posit that once the benefit of exploiting the information content of regional information is realized, more resources may be shifted toward the accumulation of such data.
1 that exploits the spatial interactions found in regional data, we consider whether using disaggregated data can enhance the efficiency of aggregate employment forecasts.
Recently, Owyang, Piger, and Wall (2003) used coincident indices constructed primarily from employment data in order to date state-level recessions. They suggest that information in the spatial pattern of disaggregated recession propagation can be informative to policymaking at an aggregate level. The spatial interaction observed through the cross-autocorrelation of regional employment may be significant and predictable. But can incorporating this information significantly improve the quality of the aggregate forecast?
We address the following two questions: (i) How important is the spatial (i.e., regional) component in forecasting aggregate employment? and (ii) To what degree does incorporating regional information affect the accuracy (i.e., efficiency) of the aggregate forecast?
A recent paper by Giacomini and Granger (2004) We address our two questions by conducting an out-of-sample "horse race" between the four alternative forecasts of aggregate employment mentioned above. The four forecasting models used in this exercise are outlined below. Suppose first that period-t log-level of aggregate employment is denoted Y t and can be written as the sum of its n regional counterparts y it . Let Y t+τ be the τ -period-ahead forecast of Y . A univariate aggregate AR(p) forecast of the change in Y t+τ has the form
where p is the number of lags, c is a constant, and Φ j are scalar coefficients.
A similar univariate model can be employed to forecast the τ -period-ahead forecast of region i's employment, y i,t+τ . The aggregate forecast is the sum of the n regional forecasts
where y uni i,t+j is region i's employment forecast from the univariate AR(p) model, the c i s are region-specific constants, and φ ij are scalar coefficients.
One criticism of (2) might be that it does not capture the interaction between regions.
An alternative is a VAR forecasting model of regional employment. The aggregate forecast obtained from such a model is
where y var i,t+j is the region i's employment forecast and Γ ikj is the (scalar) lag-j effect of region k on region i's employment taken from the VAR coefficient matrices. 
where φ j and ψ l are scalar autoregressive and scalar spatial lag coefficients, respectively.
Under parameter certainty, the VAR forecast (3) weakly dominates the three alternative models (1), (2), and (4). However, Giacomini and Granger show that forecasting from an estimated VAR (3) is less efficient than forecasting from the ST-AR (4) model. 5
Because the ST-AR model is a restricted form of the VAR, the error associated with pa-rameter uncertainty decreases. 6,7 They are, however, unable to determine whether the ST-AR model or the univariate model is more theoretically efficient, i.e., whether interaction between regions yields significant information for forecasting. In the following section, we investigate whether accounting for spatial interaction in regional employment data is sufficiently elucidative to warrant the use of disaggregate data in forecasting.
The Horse Race
For our experiment, we use monthly employment data for the eight BEA regions for the period 1960:01 to 2003:11. Each BEA region is composed of between five and eleven states. Models are estimated in log differences and each respective employment series is forecasted in levels. 8 Aggregate employment is the sum of the levels forecasted for the eight regions. Our measure of forecast efficiency is the monthly mean squared error (MSE)
out to a three-year horizon. We estimate a version of each model using in-sample data from the beginning of the sample through 1990:01 and generate aggregate employment forecasts using each of the four models out to a horizon of 36 months. 9 We then augment the dataset with the next vector of realizations and generate forecasts at the same horizons.
This recursive estimation procedure is continued until the end of the forecast horizon which coincides with the end of the full sample. From this procedure, we obtain a collection of 6 The unrestricted VAR(p) estimates pn 2 coefficients and n constants while the ST-AR(p, q) model estimates p + q coefficients and n constants. For large numbers of regions, the error introduced by parameter uncertainty in the VAR swamps the efficiency gain from more completely modelling the system.
7 In principle, we could test (in-sample) the restrictions on the VAR implied by the ST-AR model. However, we believe tests of this sort are implicitly tests of the validity of the restrictions in a theoretical sense. Our forecasting exercise is not a test of theory per se and our objective is not to maximize in-sample fit.
8 We conducted augmented Dickey-Fuller tests on the aggregate and each regional employment series and could not reject the null hypothesis of nonstationarity at the 5 percent level. 9 We chose the lag length to minimize the MSE of the out-of-sample forecasts. Both the aggregate and disaggregated AR models and the VAR were estimated with seven lags. The ST-AR model was estimated with six autoregressive lags and one spatial lag. τ -step-ahead forecasts, where τ = 1, 2, ..., 36. For each of the four models, we calculate the MSE from the out-of-sample data at each forecast horizon. Finally, we compute the efficiency improvement of the ST-AR model as a function of the ratio of the MSEs of the ST-AR model to that of each alternative model i:
The metric (5) reveals the percentage reduction in MSE of using the ST-AR model relative to each other alternative model. The results out to 36 months are illustrated in Figure 1 . Improved efficiency of the ST-AR model over the VAR was anticipated from the theo- 10 We note here that diminishing long-horizon efficiency of the ST-AR model can be mitigated by reducing the number of autoregressive lags at the expense of short-horizon efficiency. A ST-AR(1,1) model has a 70 percent efficiency gain at a three-year horizon but forecasts worse than either AR model at horizons less than 6 months. We postulate that the efficiency loss of the ST-AR(6,1) exhibited in Figure 1 at longer horizons is, in part, caused by estimation uncertainty. 
Conclusion
In this note, we have investigated the relevance of disaggregation for forecasting aggregate employment. We find that exploiting regional interaction reduces the aggregate forecast MSE at horizons between six months and three years. We argue that this may warrant increased utilization of regional economic data in macroeconomic policymaking. While anecdotal information may be useful, the collection and refinement of local and state-level economic data may be an important step to help more accurately predict the volatile macroeconomy. 
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